A. Introduction
Financial researchers have devoted considerable efforts in understanding the relationship between trading volume and other financial proxies such as stock price and stock return. In this paper, we examine the relationship between trading volume and stock volatility. We find further evidence for the contemporaneous positive correlation between trading volume and volatility, and at the same time we document new patterns in the dynamics between stock volatility and trading volume. Specifically, we find that trading volume contributes positively to the contemporaneous stock volatility but it contributes negatively to the subsequent stock volatility. Using both daily data and weekly data, we find this dynamics in individual stocks, capital-based portfolios, volume-based portfolios and stock indices, and among the U.S., Japan, and China stock markets.
We are interested in the relation between trading volume and volatility first because volume and volatility are two important variables in financial economics and their relation is not comprehensively examined in the literature.
There are a number of papers dealing with the role of trading volume in financial markets. The existing finance literature generally agrees upon the positive contemporaneous correlation between price changes and trading volume. Karpoff (1987) offers a comprehensive survey on the relation between price changes and trading volume. He points out that empirically volume is positively related to the magnitude of the price change. Epps and Epps (1976) and Rogalski (1978) both support the above positive interrelation between price changes and volume. In his seminal paper, Wang (1994) develops a model which captures the link between the nature of heterogeneity among investors and the behavior of trading volume and its relation to price dynamics. His model also predicts volume is positively correlated with absolute price changes. The equilibrium model in Blume, Easley and O'Hara (1994) examines the informational role of volume and its applicability for technical analysis and the model supports the positive correlation between price changes and trading volume. Epps (1975) theoretically predicts, and also finds empirical support for, that the ratio of transaction volume to price changes on upticks exceeds the absolute value of this ratio on downticks. All of these literature tend to support the contemporaneous positive relation between trading volume and stock volatility.
The joint dynamics of price changes (or returns) and trading volume are also examined in the literature. Gervais, Kaniel and Mingelgrin (2000) (GKM hereafter) document that stocks experiencing unusually high trading volume over a period of one day to a week tend to appreciate over the course of the following month. Llorente, Michaely, Saar and Wang (2002) (henceforth LMSW) examine the possible dynamic relations between return and volume of individual stocks. Stickel and Verrecchia (1994) (henceforth SV) find that large price changes on days with weak volume support tend to reverse and returns do not reverse following days of strong volume support. Gallant, Rossi and Tauchen (1992) use the daily stock market index data and examine the joint dynamics of price changes and aggregate volume. Campell, Grossman and Wang (1993) (henceforth CGW) investigate the relationship between aggregate stock market trading volume and the serial correlation of daily stock returns. Chen, Firth and Rui (2001) examine nine national markets and indicate that trading volume contributes some information to the returns process.
However, there are only a few papers directly dealing with the relation between trading volume and stock volatility, and these papers generally build merely upon a statistical notion rather than from economic sense, and moreover they only address the contemporaneous relation between trading volume and stock volatility. Morgan (1976) provides evidence that the variance of returns on common stocks is not constant through time but is related to the volume of shares traded. Lamoureux and Lastrapes (1990) find that daily trading volume, used as proxy for information arrival time, has significant explanatory power regarding the variance of daily return. Gallant, Rossi, and Tauchen (1992) documents a positive correlation between conditional volatility and volume. Brock and LeBaron (1995) claims that their model is able to qualitatively reproduce the feature of positive correlation between squared returns and current volumes, but as they themselves point out, their model has many serious problems.
Since the overall price change is the sum of the individual price changes in a specific interval, the variance of return over this interval should be positively related to the number of transactions if we assume that the inter-transaction price changes happen independently. It is then not difficult to understand that the contemporaneous relation between trading volume and volatility is positive if we take the trading volume as a measure of the number of transactions. Morgan (1976) and Lamoureux and Lastrapes (1990) both base on this intuition and find support for this positive contemporaneous relation between trading volume and stock volatility. However, is this all the relation between trading volume and volatility? Since trading volume is the reflection of the process through which information is incorporated into stock prices, and price movements are inherently driven by trades between various investors and moreover, volatility is very sensitive to new information, by intuition we know trade volume should not only have effects on the contemporaneous volatility, but also may influence the subsequent volatility.
We are interested in the dynamic relation between trading volume and stock volatility also because the existing literature provides conflicting implications about their dynamic relation. As far as we know, no existing literature directly addresses the possible effect of trading volume on subsequent volatility. However, we do find some papers in the existing literature which have some implications about this effect. In order to better understand both the motivation and intuition for our study, we limit our discussion to the several papers that are most relevant to our work. CGW investigates the relationship between aggregate stock market trading volume and the serial correlation of daily stock returns. They find that for both stock indexes and individual large stocks, the first-order daily return autocorrelation tends to decline with volume. They explain this phenomenon by a case in which some investors, "liquidity" or more generally "non-informational" traders, desire to sell stock for exogenous reasons, other investors who are risk-averse utility maximizers, are willing to accommodate the selling pressure thus resulting in a certain trading volume, but they demand a reward in the form of a lower stock price and a higher expected stock return in the future. Thus the return dynamics may be a negative expected return when they buy the stocks and a positive expected return in subsequent period. They build their model based on this intuition and their model thus suggests that price changes accompanied by high volume will tend to be reversed, this will be less true of price changes on days with low volume. Therefore, the CGW model implies that if there is a high volume, the subsequent return reversal will result in a high volatility, that is, the trading volume and subsequent volatility are positively related. And consistent with CGW's model, Conrad, Hameed, and Nidden (1994) find that the subsequent autocorrelation of weekly individual firm returns is decreasing in the number of firm transactions. All of these tend to support the positive relation between trading volume and subsequent volatility. Wang (1994) is a comprehensive study of the role of trading volume in asset pricing. His model captures two types of heterogeneity across risk-averse investors: (1) heterogeneous investment opportunities outside the public stock market, and (2) heterogeneous expectation about public information, that is asymmetric information. And there are two groups of investors. "Informed investors" may trade due to changes of opportunities outside the public stock market, and they may also trade because of better information about individual publicly traded stocks. "Uninformed investors" generally extract information from public signals like realized dividend, prices, etc. And they may trade due to revising the positions held when they traded against informed traders' private information, and they may also trade to take on new positions as they perceive new needs of non-informational trading from the informed investors.
In Wang's framework, the dynamic relation between volume and returns varies depending on the different motivations behind the trading by the informed investors. A reversal in consecutive returns is likely if the trading by informed traders is driven by changes of investment opportunities outside the stock market, we call this kind of trade the liquidity-driven trade. This is the case examined in CGW's study. Under such condition, we predict trading volume will contribute positively to the subsequent volatility. We called the view of positive correlation between trading volume and subsequent volatility the Liquidity-Driven Trade hypothesis (LDT).
Another possible situation addressed in Wang's framework is that momentum in consecutive returns is likely if the informed investors trade due to better private information. The intuition is that, when a subset of informed investors sells a stock when they have unfavorable private information, its price decreases, reflecting the negative private information about its payoff. Since this information is usually only partially incorporated into the price at the beginning, the negative return in the current period will be followed by another negative return in the next period. Thus this trading volume leads to lower subsequent volatility since these two period returns tend to be of the same sign, which means that high trading volume will be followed by a low volatility, that is trading volume and subsequent volatility are negatively related. Similarly we can analyze the case when the informed investors have favorable private information and we will get the same conclusion. We thus call the view of the negative correlation between trading volume and subsequent volatility the Information-Driven Trade hypothesis (IDT). Stickel and Verrecchia (1994) 's empirical evidences tend to support the IDT hypothesis. They find that that trading volume does sustains stock price changes, and that price increases on high volume days tend to be followed by another price increase the next day. A recent paper, Connolly and Stivers (2003) (hereafter CS), document substantial momentum (reversals) in consecutive weekly returns that during time of unexpectedly high (low) turnover. This can also be viewed as the evidence of IDT hypothesis.
LMSW's work is based on Wang (1994) . And similarly they also argue that volume and return dynamics depend on the motivation behind the trade. Their model shows that "hedging trades" (which is essentially the same with the liquidity-driven trade discussed above) generate negatively auto-correlated returns and "speculative trades" (which is basically the same with the information-driven trade discussed above) generate positively auto-correlated returns. Their empirical evidences also support their model's predictions.
Thus we have two opposing views about the relation between trading volume and subsequent volatility. The IDT hypothesis supports a negative correlation between trading volume and subsequent volatility, but the LDT hypothesis supports a positive one. In this paper we examine the dynamics between trading volume and volatility, shedding light on which one of these two hypotheses dominates in the stock market data. Our empirical tests based on the data from international stock markets provide further evidence to support the positive relation between trading volume and contemporaneous volatility, and we document a negative correlation between trading volume and subsequent volatility, which tends to support that the IDT hypothesis is more powerful and pervasive in explaining stock market trading activities. And our findings are robust with daily data and weekly data, and among individual stocks, size-based portfolios, volume-based portfolios, and stock market index.
Our further tests obtain some interesting findings. Firstly, we find that two factors may influence the relation between volume and subsequent volatility, liquidity and information asymmetry. Our regression results indicate that for more liquid stocks, trading volume contribute more negatively to subsequent volatility, which is consistent with LMSW's conjecture, and for stocks with higher degree of informed trading, volume also contributes more negatively to subsequent volatility. Secondly, we find that trading volume and subsequent volatility could have a non-linear relationship. As Barclay and Warner (1993) indicates, informed trades are concentrated in the medium volume size category. Since more informed trading will contribute more negatively to subsequent volatility, we thus expect medium size volume will have the largest negative effect on subsequent volatility. The consistently significant and positive coefficients of the square term of lagged volume in our estimation results do indicate that there is a volume size that maximizes the negative effect of trading volume on subsequent volatility. We name this volume size "the implied most information-intensive volume size". Thus our finding provides further evidence which is consistent with Barclay and Warner's findings. Thirdly, we also find an asymmetric effect of volume on subsequent volatility when stock price moves up and when the stock price moves down. Volume will contribute less negative to the following volatility when the stock price moves down. We conjecture that plausibly this asymmetry can be attributed to the short-selling constraints. We argue that more informed trading will contribute more negatively to the following volatility. However, if the informed traders are refrained from trading when they have "bad" information about a stock, their information can not be incorporated into stock price thus the negative effect of volume on subsequent volatility can not be realized either.
Our empirical exploration contributes to the existing study of stock market in the following dimensions. First, in establishing the empirical tests, we include trading volume and its lagged terms in the standard GARCH and ARCH models to explain the conditional volatility and find that trading volume and its lagged terms have rather satisfactory power of explaining the conditional volatility. Second, we believe this paper is the first to document the dynamics between trading volume and volatility. By discovering the negative contribution of trading volume to the subsequent volatility, our findings enrich the conventional understanding of trading volume and volatility. Third, by supporting the IDT hypothesis, our study sheds lights on how stock market trading activities happen and enhance our understanding about what is the general motivation behind trading activities. Fourth, our additional tests find further evidence for the hypothesis that informed trades are concentrated in the medium volume size category, and that empirically there exists a most information-intensive volume size for each stock.
This rest of this paper is organized as follows. In the next section, we introduce the data and the major methodologies. In Section C we will report the main empirical results and the results of robustness check. In Section D we do additional tests to examine further the relation between volume and subsequent stock volatility. Section E concludes.
B. Data Description and Methodology

B.1 Data description
We gather our data from four primary sources. We use CRSP as our source for the U.S. equity data and PACAP (Pacific-Basin Capital Markets Research Center at the University of Rhode Island College of Business) as our source for international data. In our additional tests we also need to construct the proxies for the degree of informed trading, and we choose the average bid-ask spread and the average number of analysts following a stock as the proxy for the degree of asymmetric information, so from the I/B/E/S dataset we collect data about the monthly number of analysts who provide I/B/E/S with end-of-fiscal-year earnings forecast for the current year, and from the TAQ database we get the daily open bid-ask spread data.
We obtain daily firm returns, shares traded and shares outstanding for the January 1988 to December 2001 sample period from the CRSP database. We also obtain the market capitalization data for each firm from the database. Totally we get the daily data for 1789 firms' from the U.S. stock market. Table 1 is a summary statistics of the US raw sample. Here volume is the event-adjusted trading volume and we use the GARCH(1,1) model to forecast the daily conditional volatility for each stock. We get the three daily series of average by summing the variables cross-sectionally.
To get a preliminary impression of the relation between trading volume and volatility, in the Diagram 1, we plot the cross-sectional daily average of volatility over the crosssectional daily average of raw trading volume for the U.S. market. From the diagram we know that the volatility tends to be high when there is a high trading volume, indicating a positive contemporaneous correlation between volatility and trading volume 1 .
Diagram 1: Trading Volume and Volatility We then divide the shares traded by corresponding shares outstanding and we get the turnover measure, which we use as the proxy of trading volume in the empirical tests. As Chan and Fong (2000) indicate, not only the number of trades but also the trade sizes are significant in the volatility and volume relation. Thus we choose turnover as our trading volume measure, which takes both the size of trade and the number of trades into consideration. See also Wang(1994) and Lo and Wang (2000) for a theoretical justification for using turnover in our setting, instead of other volume metrics.
We aggregate the daily return in the usual way to form weekly return using Wednesday as the week's end. Following from Lo and Wang (2000) , our weekly turnover is the sum of five daily turnovers.
We then form five size-based portfolios by sorting firms on their market capitalization and we form five volume-based portfolios by sorting firms on their turnover. For the daily data the sorting is re-performed every day and for the weekly data the sorting is re-performed every week. The portfolio returns are a capitalizationweighted average of the component firm returns. A portfolio's turnover is the equally weighted average of the individual firm turnovers for the firms that comprise the portfolio.
We form size-based portfolio to check the effect of market capitalization on the relation between trading volume and volatility, because as pointed out by a large amount of literature, large stocks and small stocks tend be different in the degree of asymmetric information, and this difference may lead to different dynamics of volatility and trading volume. Indeed LMSW do find the return dynamics is related to firm size to some degree. And as GKM documented, stocks experiencing unusually high (low) trading volume over a period of one day to a week tend to appreciate (depreciate) over the course of the following month, we then assume that trading volume may also have some effect on the dynamics between trading volume and volatility. Thus we form volume-based portfolio to check our conclusions are sensitive to the magnitude of stock trading volume.
We don't detrend the turnover series as CS has done. First because our sample period is not so long, the time trend in our turnover series is not apparent. Second, as shown in Morgan (1976) and Lamoureux and Lastrapes (1990) , trading volume has a good explanatory power of return variance, thus we use the GLS method to estimate our regression model specification and take the trading volume as the instrumental variable, and we believe the variation in trading volume series does not bring much inconvenience in our estimation, indeed we check the normality of some residual series of our regressions, it seems the heteroscedasticity is not a serious problem. Third, by using the raw turnover series, we do not lose any information that trading volume may contain, and this will facilitate our digging out the relation between trading volume and volatility. We will introduce our models in detail in the next subsection. Actually in unreported tests, we do detrend the turnover series as LMSW has done and we find that with the resulting series, our conclusion still holds.
We get the international market data from the PACAP database. For the Japan market we get the daily data from January 1989 to December 2001, and for the China market we get the daily data from April 1994 to December 2003. For the index testing we also collect the daily data of a group of individual firms that comprise a major large-cap market index, the DJIA stock market index.
We need to say a few more words about the data we use. Although CGW does make a conjecture that low-frequency dependencies in volume data may make the associations between volume and other variables difficult to find in long-horizon data, none of the theoretical papers mentioned above (BEO, CGW, or Wang (1994) ) specifies a time interval over which their hypothesized relations hold, thus we haven't much existing theoretical guidance about the choice of horizon of the data. Generally speaking, when people have private information about the assets, they choose to trade, and according to the Efficient Market Hypothesis, the information should be instantly incorporated into asset prices, thus we should expect that the potential associations between volume and other financial variables can be more easily found in short-horizon data than in the longhorizon data. Table 2 reports a summary of the data used in the previous most relevant research. We do not claim that it is a complete set, rather we just want to provide some support for the data horizon we choose. From the table we can see that both daily and weekly data were used in previous studies, and also a number of papers use both the individual stock data and the index or stock portfolio data. Thus in our empirical tests, we use both daily and weekly data, individual and portfolio and index data. We use daily data to avoid that long-horizon data may disguise the relation between trading volume and other financial variables, and we use weekly data to control the effect of daily volume and return fluctuations that may have less direct economic relevance. √ √ Conrad, Hameed, and Niden (1994) √ * Morgan (1976) used 4-day data, which we regard it as weekly data.
B.2 Methodology
In this subsection, we develop the empirical methodologies to detect the possible relation between trading volume and volatility. Basically we use two series of models. The first series of models is the regression model. In the regression models , we use the absolute value of return as our volatility measure. This measure is very common in the finance literature to be used as the volatility measure, such as Ahn, Bae and Chan (2001) . We also use other kind of volatility measure such as absolute price changes in our robustness check section and the results are mainly the same. Specifically the models will have the following specification, 
Where is the absolute value of the individual stock return. It can also denote the absolute value of portfolio return and index return according to the data the model is describing.
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is the turnover of t-j-1 period, and similarly it can be the turnover of individual stocks, portfolios and indexes. All the above variables can be weekly or daily, and m and n are the total number of lagged terms and they may vary according to the data we use. α 's and β 's are the estimated parameters.
The second series of models is the modified GARCH and ARCH models. Since the GARCH(1,1) and ARCH model series are widely used in the literature to capture the characteristics of volatility, naturally we could try to use these models to capture the relation between volume and volatility. Although theoretically there are different forms of GARCH model series to capture different aspects of volatility, as Bollerslev, Chou and Kroner (1992) point out, the GARCH(1,1) model often appears adequate in practice. So we construct our model primarily based on GARCH(1,1) model. We also modify the standard ARCH model to check the effect of trading volume on volatility.
Specifically the modified GARCH(1,1) model will have the following representation,
where is the return of period t, t ret µ is the mean return, and t ε is the return residual of period t, is the conditional volatility of period t, and
has the same definition as in the first series of models. Similarly these variables can be daily or weekly, according to the data which the models are describing. α 's and β 's are the estimated parameters.
And the modified ARCH model is as follows, 
Our GARCH model here is very alike to the one in Lamoureux and Lastrapes (1990) . The major difference is that we use not only the contemporaneous term of volume but also its lagged terms to explain the conditional volatility. And they only test it on daily return of a small specific sample of individual stocks. We extend the test to daily return, weekly return of a large sample of individual stocks, portfolios and stock indexes.
To further examine the relation between the trading volume and subsequent volatility, we also use some other models to do the empirical tests. We will introduce these models in Section D.
In the next section we report our estimation results with these model specifications.
C. Main Empirical Results
In this section we do empirical test with the models and data introduced in the last section. We estimate the model series (1), (2) and (3) and we are interested in the coefficients of the trading volume measure, that is, the β 's in these models. As predicted in the previous literature, trading volume contributes positively to the contemporaneous volatility, thus we expect the estimated 1 β 's in these models, i.e., the coefficient of the contemporaneous trading volume term, are significant and positive. As for the estimated coefficients of the lagged trading volume term, 2 β 's in these models, IDT hypothesis and LDT hypothesis provide different predictions. IDT hypothesis tends to assume trading happens mainly because of arrivals of new information, and it predicts that trading volume will contribute negatively to the subsequent volatility. LDT hypothesis holds that trading happens because of investors' non-informational needs, among which liquidity is a major one. LDT hypothesis predicts that trading volume and subsequent volatility are negatively correlated. To explore which of the two hypotheses are more pervasive and powerful in explaining trading activities, we move on to test these predictions with the stock market data.
Model series (1) are estimated by GLS, and we take the contemporaneous volume term as the instrumental variable. We choose GLS method instead of more complicated estimation procedures because this method provides consistent and unbiased parameter estimates under certain conditions and it is easy to perform and simple to understand. As indicated by Morgan (1976) and Lamoureux and Lastrapes (1990) , trading volume does well in explaining the return variance, thus we believe our situation does satisfy the conditions under which GLS works. Indeed we check the normality of several residual series from our regressions, and the problem of heteroscedasticity is not serious. Model series (2) and (3) are estimated by FIML. FIML method provides approximate t statistics and this may cause problem when the sample is not large enough. However, we don't think this is a serious problem in our case since our sample is relatively large, and for the daily data we even have 3533 observations.
In the next several subsections, we first report our test results with the individual stock data, then we report our test results with different portfolios and market index. In each subsection, we report the results from both the daily data and weekly data. To save space, we put some of the results in the appendix.
C.1 Empirical results with individual stocks
We run regressions with model series (1) for each stock in our sample. Due to the large number of regressions, we don't report the result of each regression. Instead we merely report the summary of the regression results. Table 3 , Group 1, 2 and 3, report summary results from estimating model series (1) for the daily individual stock sample. In group 1, we take m=3 and n=3. We take m=3 because when running regressions with more lagged terms of volatility, we find in most regressions the estimated coefficients of the fourth and larger lagged terms are statistically insignificant. To control the effect of different model specifications on our results, we also run another two groups of regressions. In group 2, we take m=3 and n=2, and in group 3, m=2 and n=3. 
Where is the daily return of individual stocks from the US sample, and TO is the daily turnover of corresponding individual stocks. We run three groups of regressions, in the first group we choose m=3 and n=3. We choose m=3 because when running the regressions with more lagged terms of volatility, we find in most regressions the estimated coefficients of the fourth lagged term of volatility are statistically insignificant. To control the effect of different model specification on our regression results, we also run another two groups of regressions. We take m=3 and n=2 in group 2, and m=2 and n=3 in group 3. The coefficients are estimated by GLS and we take the TO term as the instrumental variable. We run regressions for all the individual sample stocks. We report the summary results in Group1, 2, 3. In each group, Column 1 reports the total number of regressions. The first row in Column 2 in each group reports the number of regressions in which the estimated Re t Abs t 1 t j − t β is positive and the estimated 2 β is negative, the second row in Column 2 in each group reports the number of regressions in which the estimated 1 β is positive and the estimated 2 β is also positive. Column 3 reports the ratios of these numbers to the total number of regressions. Column 4 reports the similar number as in Column 2 but we take the statistical significance into consideration. Colunm 5 reports the corresponding ratios. In Table 3 the first row in Column 4 in each group reports the number of regressions in which the estimated 1 β is positive and significant and the estimated 2 β is negative and significant, and the next column in the same row reports the percentage ratio of this number to the total number of regressions. The second row in Column 4 in each group report the number of regressions in which both the estimated 1 β and 2 β are positive and significant, and the next column in the same row reports the percentage ratio of this number to the total number of regressions. We choose 5% as our confidence level.
Column
From Column 5 we note that in the three groups of regressions, these two ratios are a sharp contrast, 63.5% to 6.1% in Group 1, 64.6% to 6.1% in Group2 and 64.4% to 6.1% in Group 3. The sharp contrast in each group at least show that among individual stocks, under most cases trading volume contributes positively to the contemporaneous volatility and contributes negatively to the subsequent volatility, which tends to support that the IDT hypothesis is more pervasive and powerful in explaining trading activities in the stock market. The contrast is consistent among the three groups of regressions, which indicates that our results here are not sensitive to model specifications. For the weekly data, we also run the same regression as in group 2 and we summarize the regression result as we did above, the percentage ratio contrast is 60.4% to 3.4%. The conclusion is largely the same.
C.2 Volume-based portfolios tests
Different volume may have different effects on the dynamics of volume and volatility found in the last subsection. Indeed, Gervais, Kaniel and Mingelgrin (1998) examine the question of whether trading activity (measured by trading volume) contains information about future evolution of stock prices. They find that stocks experiencing unusually high trading volume over a period of one day to a week tend to appreciate over the course of the following month. So we group our US sample into five volume portfolios by sorting the stocks over their trading volume. For the daily portfolio, the sorting is re-performed once a day, and for the weekly portfolio, the rebalancing is reperformed every week. In case that some outliers may influence the largest-volume portfolio and the smallest-volume portfolio and bias our conclusion, we allocate more stocks to these two volume portfolios to control the effects of outliers. Table 4 and Table 5 report the results of estimation model series (1) and model (2) with the weekly volume-based portfolio data. From Table 5 we can see that among the regression results for the five volume-based portfolios, the estimated 1 β 's are consistently significant and positive, and the estimated 2 β 's are significant and negative except that the estimated 2 β for portfolio 3 is not significant (with a p-value of 0.149).
From Table 6 in the Appendix, we can also see that in a different model specification, the estimated coefficient of contemporaneous volume 1 β is still positive and significant among all the five volume-based portfolios, and the estimated coefficient of lagged volume term 2 β is negative and significant. All these results provide further evidence that the contemporaneous volume and volatility are positively correlated, and that volume and subsequent volatility are negatively correlated. We also estimate model (1), (2) and (3) with the daily volume-based portfolio data. And we also estimate model (3) with the weekly volume-based portfolio data. The results in these estimations consistently support the contemporaneous positive relation between volume and volatility, and negative interrelation between volume and subsequent volatility, thus indicating the IDT hypothesis can explain trading activities more pervasively than the LDT hypothesis. To save space the estimation results of daily volume based portfolios are put in the Appendix. Table 7, Table 8 and Table 9 in the Appendix report the model (1), (2) and (3) estimation results with daily volume-based portfolio data, and Table 6 reports the model (3) estimation result with the weekly volume-based portfolio data.
C.3 Size-based portfolios tests
In this subsection, we group the US sample stocks according to their market capitalization. There are a large amount of papers which aim at capturing the different aspects between large-size firms and small-size firms. As for the aspect of the influence of firm size on the dynamics of trading volume and other financial proxies, LMSW finds that stocks of smaller firms show a tendency for return continuation following highvolume days, and larger firms show almost on continuation and mostly return reversal following high-volume days. This indicates that firm size may have influence on the relation between trading volume and subsequent return dynamics. Thus we assume that firm size may have some effect on the relation between trading volume and volatility.
We sort the sample stocks by their capitalization and equally allocate the sample stocks into five size-based portfolios. The sorting is re-performed every day for the daily data and every week for the weekly data. Table 10 and Table 11 report the estimation results of model (1) and model (2) with weekly size-based portfolio data. From Table 11 , we can see that, among the five portfolio regressions the estimated 1 β 's are consistently positive and significant and the estimated 2 β 's are consistently negative and significant. In table 11, the estimated 1 β 's for the five size-based portfolios are all positive and significant, however, not all the five portfolios' estimated 2 β 's are negative and significant. But we can see that in portfolio 2, the estimated 2 β has a negative sign, although it is statistically insignificant. Overall, we can still conclude that the estimation results with the weekly size-based portfolio data support the dynamics between trading volume and volatility found in the former sections. And the effect of firm size on this dynamics is not apparent. We also estimate model (1), (2) and (3) with the daily size-based portfolio data. Table 12, Table 13 and Table 14 report the estimation results of model (1), (2) and (3) with the daily size-based portfolio data respectively. As we can see from these tables, the estimation results with these models largely support our findings about the dynamics between trading volume and volatility. And this effect of firm size on this dynamics is not apparent. We do not report the model (3) estimation results with the weekly size based portfolio data because estimations of two portfolios parameters among the five do not converge, but from the estimation results of the other three portfolios, we can still get the conclusion which is consistent with our findings in previous sections.
C.4 Total sample and market index tests
We find the same volume and volatility dynamics in the total US sample portfolio. Table 15 reports the estimation results of model (1), (2) and (3) with the weekly total sample portfolio. From the results we can get the same conclusion as we do in the previous sections. Thus we can extend our conclusion to market index. Indeed we test our finding using the DJIA index data, and we get the similar conclusion.
C.5 International evidence
We also check whether our primary results extend to non-US market. Specifically we estimated model (1) for individual stocks from other markets' sample and we summarize the results as we do in Table 4 . For the Japan stock market sample, the ratio contrast in the three groups of regressions are 93.7% to 1.8%, 93.7% to 2.2%, and 93.9% to 1.8% respectively, and for the China market, 65.7% to 12.9%, 64.9% to 14.1%, and 69.0% and 9.7% respectively.
We further check our primary results with model (2) using the individual stock data from the Japan market. Among the estimations which converge, the percentage of the cases in which the estimated 1 β is positive and significant and 2 β is negative and significant is 93.2%, compared with 4.1%, the percentage of the cases in which both the estimated 1 β and 2 β are positive and significant. This again supports the contemporaneous positive correlation between volume and volatility, and the negative correlation between volume and subsequent volatility. This international evidence also gives support to the conclusion that the IDT hypothesis are more pervasive and powerful in explaining stock market trading activities than the LDT hypothesis.
C.6 Out-of-sample tests and alternative volatility measure
We also collect the sample from 1962 to 1980 from the US market to check whether our primary finding is only a characteristic of the US market during the specific sample period. Regression results with model series (1) for individual stocks are not materially different from what we report in Table 3 . And we also choose the absolute daily price change as the volatility measure, the results are largely the same. Thus we can conclude that our conclusion about the relation between trading volume and volatility are not sensitive to the sample and volatility measure we choose. In the above sections we find evidence that generally trading volume and subsequent volatility are negatively correlated. But questions such as what factors may have an influence on this negative relation still remain. In this section, we try to address this issue from several dimensions. In the first subsection we will check what factors may affect the relation between volume and subsequent volatility. The second subsection we will check whether the relation between volume and subsequent volatility is non-linear, and in the last subsection we investigate the possible asymmetric effect of volume on subsequent volatility.
D.1 Factors affecting the relation between trading volume and subsequent volatility
In this subsection, we try to look for the factors that may influence the relation between volume and subsequent volatility. In previous sections, we only show that volume and subsequent volatility are correlated, but we have no idea about what factors may influence this correlation. Here we will develop models to examine the possible factors. Basically our idea about constructing the econometric model here was enlightened by the one in LMSW. We choose the estimated 2 β for individual sample stocks, i.e., the coefficient of the lagged volume term in model (1) β is the estimated coefficient in model (1) for individual sample stocks, and F denotes possible factors that may influence the relation between volume and subsequent volatility. Here we choose four proxies, the average volume, the average market capitalization, the average number of analysts following, and the average relative bid-ask spread. We choose the average volume (denoted by AvgTO) as one possible factor, because as LMSW conjectures, " for less liquid stocks, high volume is associated with a higher price impact and a larger subsequent return reversal than for more-liquid stocks". Thus if we choose the average volume as the proxy for liquidity, we can expect the estimated 2 β 's for stocks with larger average volume, that is, more liquid stocks, are more negative than those for stock with smaller average volume ,that is, less liquid stocks. Therefore when the F in model (4) denotes the average volume of a stock, we will expect the estimated 1 γ to be positive. The rest of the three proxies have something related to the information asymmetry. Some papers such as Lo and Mackinlay (1990) argues that larger firms have a lower degree of information asymmetry, so we choose the average market capitalization (denoted by AvgCAP) of stocks as a candidate proxy for the degree of information asymmetry. Since more information asymmetry will lead to more negative 2 β , we expect 1 γ to be positive when we choose average market capitalization as the proxy for information asymmetry. The bid-ask spread is also regarded as a proxy for information asymmetry by many market microstructure papers, such as Lee, Mucklow, and Ready (1993) . So we also choose the average relative open bid-ask spread (AvgBA) as a proxy for information asymmetry. And for robust check purpose we also choose the average numbers of analysts (AvgNUM) following a stock as a proxy for information asymmetry. Recent studies by Brennan and Subrahmanyam (1995) and Easley, O'Hara, and Paperman (1998) find that firms that are followed by a large number of analysts have a lower degree of information asymmetry. Similarly we will expect 1 γ to be correspondingly negative and positive when we choose average bid-ask spread and average number of analysts following as proxy for information asymmetry respectively.
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We get the daily open bid-ask spread data from the TAQ database. Since the TAQ database records begin in 1993, we estimated model (1) for individual stocks with the sub-sample from 1993 to 2001 to keep consistency. We divide the difference between bid price and ask price by the mid-point of bid-ask prices to get the relative bid-ask spread, then we define AvgBA to be the average of the daily relative bid-ask spread. We summarize the variable AvgBA and we can see that it has a mean of 0.095, a median of 0.041.
We obtain the data of the monthly numbers of analysts following stocks from the I/B/E/S database for the same sample period as our sample from CRSP. We then define AvgNUM to be the average monthly number of analysts over the sample period. Summary statistics for AvgNUM indicate that it has an average value of 8.11, with the median 4.96, and minimum value 1, and maximum value 40.89.
As LMSW did in their paper, we also adopt an ordinal transformation of the variables, AvgTO, AvgCAP, AvgBA and AvgNUM. That is, we order the sample stocks in an ascending order according to the proxy and assign a rank of one to the first firm and a rank which equals to the total number of sample stocks to the last firm. We divide the rank by the corresponding total number of sample stocks to get an ordinal variable for each of the proxies. As LMSW argued, "this monotonic transformation preserves the intuition of the differences between low and high information asymmetry without reading too much into the specific differences in magnitude". We denote the resulting ordinal variables by OrdTO, OrdCAP, OrdBA and OrdNUM respectively.
Although our methodology here appears to be of little difference with that in LMSW, there is one major improvement in the estimation process. LMSW estimated the following model specification to get C , 2 0 1 2 1 ( )
where t R and 1 t R − denote the return of period t and period t-1 respectively, and V is their period t volume measure. They then used the estimated C as the dependent variable and the average market capitalization as independent variables to run regressions. Here we argue that there may be some inherent bias in their estimation. Since t 2 and 1 t R − are of nearly the same magnitude across large and small firms, we then expect their first order autocorrelations to be of nearly the same magnitude. For the convenience of illustration, let's assume it's a positive number. Thus for stocks which on average have a large volume, the estimated C 's tend to be small, and for stocks which on average have a small volume, the estimated C 's tend to be large. Unfortunately, according to our sample, the average volume and the average market capitalization are positively correlated, that is to say large stocks also tend to have large average volume. Indeed, even as LMSW indicated themselves, their average volume measure also increases with firm size. Thus without running regressions we can know that C and the average market capitalization are negatively related and this negative relation has nothing to do with the information asymmetry, which is what LMSW tried to illustrate at the very beginning. β 's, we divide the volume of individual stocks by their own average volume to avoid that the variation of magnitude of volume across stocks might bias our final conclusion, while keeping the variations of volume within stocks at the same time. We report the regression results in Table 16 . From Panel A, C, and D we can see that the estimated 1 γ 's are all significant under 5% confidence level and have the expected sign, indicating that the liquidity effect and information asymmetry do influence the dynamic relation between trading volume and subsequent volatility. However, as for the regression result in Panel B, the estimated 1 γ is negative and significant, which is not consistent with our prediction. Since with the other two proxies for information asymmetry we get the consistent results, here we argue that possibly the average market capitalization is merely a crude proxy for the degree of information asymmetry.
Our regression results largely support that trading volume contributes more negatively to subsequent volatility for more liquid stocks, which is consistent with the LMSW's conjecture, and higher degree of informed trading contribute more negatively to subsequent volatility. Liquidity and information asymmetry are two factors that may influence the relation between volume and subsequent volatility.
D.2 Non-linear relation between trading volume and subsequent volatility
In this subsection we examine the possible non-linear relation between volume and subsequent volatility. The consideration of a possible non-linear relation between volume and subsequent volatility stems from Barclay and Warner (1993) , which examines the proportion of a stock's cumulative price change that occurs in each trade-size category and finds evidence for that informed traders are concentrated in the medium-size category, while our previous conclusions support that when there are more informed trading, trading volume will contribute more negatively to subsequent volatility. Since Barclay and Warner (1993) argues that informed trading is more related to medium-size trades, we could conjecture that medium-size trade volume contributes more negatively to subsequent volatility than smaller-size and larger-size trade volume do. Thus trading volume and subsequent volatility could have a non-linear relationship.
We examine this hypothesis with the following model specification, 
1 t − which is much alike to model (2), except an additional term of the square of the lagged volume. We also modify model (1) similarly to examine the possible non-linearity. We estimate these models with the daily and weekly data, both for individual stock and portfolios. To save space we only report the result of estimation with model (5) for the daily size-based portfolio data. Other estimation results will provided upon request. Table 17 reports the estimation result of model (5) with the daily size-based portfolio data. We can see that under the model settings in (5), the coefficients of the contemporaneous volume and lagged volume are both consistent with the previous results. Our concern is 3 β , the coefficient of the square of the lagged volume, of which the estimated results are set in boldface in Table 18 . All the estimated 3 β 's are positive and statistically significant under the 5% confidence level, which indicates a nonlinear relation between volume and subsequent volatility. Our result indicates that indeed medium-sized volume may contain more information than smaller and larger volume, which is consistent with the findings in Barclay and Warner (1993) . In Diagram 2 we illustrate the nonlinear relation between volume and its effect on subsequent volatility, which is indicated in our estimation results. We name the volume size that maximize the negative effect of volume on subsequent volatility "the most information-intensive volume size".
Diagram 2: Volume and Its Effect on Subsequent Volatility
Effect of Volume on Subsequent Volatility Implied Most Information-intensive Volume Size Volume
After a further look at the result in Table 17 , we can also find that from the largest size group to the smallest size one, the implied medium-size volume which maximize the possible information effect, i.e., the most information-intensive volume size in each portfolio decreases monotonically, with the exception of portfolio 5, the estimated result of which possibly is influenced by some outliers.
D.3 Asymmetric influence of trading volume on subsequent volatility
In this subsection we want to check whether the effect of trading volume on subsequent volatility are symmetric when return is positive and return is negative. A huge body of literature has documented the asymmetric effect of price movements on return volatility, which is called the leverage effect in the finance literature. By doing this test, we can check whether the negative relation between trading volume and subsequent volatility is influenced by the sign of returns, and we can know whether trading volume can partly explain the leverage effect as well.
Specifically, we examine the possible asymmetric effect of trading volume on subsequent volatility with the following model, (1), D is the dummy variable with the value 1 when the return of period t-1 is negative, and 0 otherwise. We also change the GARCH model settings in (2) similarly. We estimate the models with all the daily and weekly data, including individual stock data and portfolio data. Our concern is the estimated value of Re t Abs t t TO 3 β . Again to save space we only report the results of regressions with the daily size-based portfolio data in Table 18 with model (6). Other estimation results will be provided upon request.
From Table 18 that when the return is negative, trading volume will contribute less negatively to subsequent volatility. One plausible explanation for this asymmetric effect of trading volume is the shortselling constraints. Positive and significant 3 β 's indicate that when the return is negative, trading volume will contribute less negatively to subsequent volatility, which can possibly be explained in the way that when there is bad news about the stock, informed traders have the information but they are restrained from trading by short-selling constraints, thus there is less informed trading. According to our previous conclusion, we expect that when there is less information-based trading, trading volume should contribute less negatively to subsequent volatility. Thus these positive estimated 3 β 's are consistent with the short-selling constraint hypothesis. 
E. Conclusions
In this paper we examined the relation between trading volume and volatility. We find that trading volume not only contributes positively to the contemporaneous volatility, as indicated in the previous literature, but also contributes negatively to the subsequent volatility. And this dynamics relation between trading volume and volatility are consistently held among individual stocks, volume-based portfolios, size-based portfolios, and market index and in the US., Japan and China stock markets. We find this empirical regularity in both the daily data and weekly data.
No existing theory directly addresses our empirical settings and findings. We only find that some existing models have some implications about the relation between trading volume and volatility. We summarize these implications into two conflicting hypothesis, the Information-Driven-Trade (IDT) hypothesis, which predicts a negative relation between trading volume and subsequent volatility, and the Liquidity-Driven-Trade (LDT) hypothesis, which predicts a positive relation between trading volume and subsequent volatility.
Our empirical findings tend to support that the Information-Driven-Trade (IDT) hypothesis is more pervasive and powerful in explaining trading activities in the stock market than the Liquidity-Driven-Trade (LDT) hypothesis. And this is also supported by the international evidence.
Our additional tests have three interesting findings. First, liquidity and the degree of information influence the relation between trading volume and the following volatility. Second, the effect of volume on subsequent volatility and volume size have a non-linear relationship. Our empirical results indicate that there exists a most information-intensive volume size for each stock. Third, the effect of volume on subsequent volatility is not symmetric when the stock price moves up and when the stock price moves down. We attribute this asymmetry to the short-selling constraints.
The relation between trading volume and volatility need to be theorized and up to now this still remains an open question. And furthermore, there is no theoretical guidance about the horizon during which our empirical findings generally hold. Further research can go in these two directions. And another possible attempt is to examine the dynamic volume and volatility based on intra-day data. 
F. Appendix
